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Background
Figure 1: Illustrative Level N (national), Level R (regional) and Level LA (local authority) scenarios for residential energy demand. Adopted from [1] .
After a series of national policy initiatives (e.g. CERT, CESP), UK local authorities (LAs) are now in need to go beyond "low hanging fruit" energy measures such as loft and cavity insulation if they are to meet the stringent carbon targets set in the climate change act. However, as [1, p. 1] have illustrated a unique future national energy scenario would translate itself into a myriad alternative energy futures pathways at the local authority scale (see Figure 1) .
As a result, LAs require a spatial understanding of end-use energy demands in targeted city areas to provide evidence for meeting future challenges in planning local energy services and infrastructure. In particular, LAs have identified the domestic sector as a priority and developed a growing interest in mapping and modelling the energy use of their housing stock at city level or below. A robust mapping and modelling methodology would enhance the effectiveness of their local energy planning of future interventions of energy efficiency measures, decentralised energy supply infrastructure, and biomass resource and carbon dioxide storage. For instance, in each city some local areas might be more suited for building centric technological interventions such as those promoted by the Green Deal whereas others may benefit from centralised neighbourhood CHP/ground source systems and networks and distributed solar and wind.
Our work is in line with "the most significant use of sub-national consumption data" as highlighted by DECC [2, p. 13] and aims at enabling LAs and stakeholders (e.g. built environment professionals such as planners, architects and civil engineers) to map and model localised energy demands baselines for their domestic building stock. The work presented is part of an ongoing project as to provide an evidenced based and geographically targeted carbon route map for the city of Newcastle upon Tyne. Hence, we have labelled our framework as Newcastle Carbon Route Map (NCRM).
Sub-city areas
In this study we have followed the LA's criteria for selecting three suburban residential areas (Westgate, South Heaton, Castle) which represent the city's diverse demographic and housing stock/ownership. These areas, in turn, could be put forward as zones of the city to demonstrate different technologies and types of retrofit [3] . Our table 1 shows that our three city zones can be categorised as suburban residential areas (i.e. as categorised by HOMES 2010 [4] ) but have very different urban densities. Urban density is a key indicator for evaluating area-based retrofit energy schemes. A building centric retrofit programme may be suited to a low density suburban area such as Castle with 1.8 dwellings per hectare. A decentralised technological energy solution (e.g. district heating) may be more suited to high density suburban area such as South Heaton with 43.48 dwellings per hectare. Similarly, tenure and social demographic profile are useful urban descriptors for discriminating between future funding options and models of retrofit programmes. The funding models for social housing and private owned stock are likely to be very different. In our case, we have a representative mixture of predominant social groups: young families (Group E see 1), Castle; educated young single people (i.e. university students, Group F see 1), South Heaton; and people living in social housing (Group B see 1), Westgate. Table 1 summarises our sub-city area descriptors. [5] provide an excellent review of current modelling techniques used for estimating residential sector energy consumption. Due to our data availability, namely, a spatially referenced building level dataset which includes detailed building surveys of 60,977 out of a total of 139,257 domestic dwellings, we followed a bottom-up engineering approach based on an "actual sample house data as the input information to the model" [5, p.1828] . [5, p.1828] state that "the bottom-up engineering approach is the only method that can fully develop the energy consumption of the sector without any historical energy consumption information" and that "these techniques have the capability of determining the impact of new technologies" [5, p.1833 ] which, in turn, makes the method ideally suited for an area-based delivery approach favoured Sub- Table 1 : Summary of sub-city area descriptors. The selected areas are a good representation of the city's diverse demographic and housing stock/ownership. * * HOMES 2010 [4] original categories were adapted to fit with those employed by Newcastle City Council.
Current practice and challenges
* * Suburban residential equates to: older urban areas swallowed up by the metropolis, outer areas of cities characterised by large housing states, and residential areas of suburban areas by LAs. Furthermore, a recent review of mapping and modelling domestic energy demand practice by [6, p.1696] has also revealed that UK residential stock models have two key limitations: 1) lack of transparency and quantification of inherent uncertainties; and 2) resolution of spatial coverage. Our work extends recent studies on inherent uncertainties and transparencies [7] , [8] , [9] by providing an uncertainty taxonomy as to make our process transparent to stakeholders such as local policy makers. Our study is also based in one of the most comprehensive UK building level dataset and this has enabled us to address the second major limitation and develop a model with high spatial resolution (i.e. per dwelling or at address level).
The Centre for Sustanaible Energy (CSE) address level heat map [10] is the UK's most recent and best effort to provide high spatial resolution and coverage. CSE has acknowledged the model's methodological and transparency limitations which, in turn, have undermined its use and validity by UK local authorities. A key limitation in CSE's approach is the lack of building surveyed data. That means it has been made not knowing which energy efficiency measures have already been installed in the dwelling (e.g. loft and cavity insulation) and what type of upgrades or changes have been made to the dwelling heating systems. This is significant as energy insulation measures and heating systems efficiency are the two most important determinants of heating energy use after floor area [11] . Similarly, CSE Heat map's methodology relies on "multiple key factors" such as size, age, built form, tenure, rurality, and region being derived from the English House Condition Survey (EHCS)
2008 and used to predict building heat demand [12] . The process of matching up specific UPRN (Unique Property Reference Number) or building addresses to EHCS records utilising these "multiple key factors" has not been made transparent and therefore we are unable to comment on its advantages and limitations. CSE heat map results have been validated using 2009 Dataset National Energy Efficiency Data Framework (NEED) cross-reference tables. It is also unclear how data from DECC 2009 has been compared with EHCS from a different year, 2008, and used to develop building heat demands. Finally, our work has taught us that the emerging picture surrounding local energy modelling and that, for example, singularities (see 2.2) such as E7 (electricity heating), group heating and district heating (decentralised energy supply), and HMOs (House in Multiple Occupation -planning changes of use-) have a great impact on final energy consumption calculations. CSE's approach does not explain how these singularities have been dealt with in specific local areas.
Our work follows on CSE's concept of matching UPRN to EHCS records for deriving "multiple key factors" but addresses current practice shortcomings. The study presented in this paper should also be seen in the context of other efforts [1] to develop a methodology for generating spatially disaggregated energy demand for a present day 'base year' and for future scenarios. This type of model would provide a robust description of how local energy demand would change over time, enabling stakeholders in energy demand reduction, energy supply and infrastructure development to account for spatial and temporal variation in energy demand across UK cities. Ideally, as pointed out by [1] , our methodology should be embedded within national energy scenarios by utilising appropriate energy demand datasets. This, in turn, would ensure longevity and replicability as it would enable the scientific community and local authorities to develop specific localised energy demand statistics for any set of (existing or future) energy scenarios. The next section explains in detail our methodological approach.
Modelling framework
Newcastle Carbon Route Model (NCRM) is a spatially referenced parameterised per-dwelling domestic energy model developed with the purpose of estimating the energy consumption of sub-city areas. Two types of modelling were carried out. The first, using K means clustering of dwelling archetypes which follows [13] , we assigned each observation to the cluster whose mean yields the least within-cluster sum of squares (WCSS) using Euclidean distance. The results were presented in [14] and used to benchmark the dwelling energy modelling process. The second modelling process is a sub city Domestic Energy Model (DEM) that creates individual energy consumption estimates for each dwelling and aggregates these to sub-city areas. Both models utilise a physic based approach to energy modelling based on BREDEM 12 methodology. In our case we use the Cambridge Housing Model (CHM) which implements a BREDEM based energy model to compute energy estimates as it is the model used by DECC to underpin the 2012 Housing Energy Fact File and Energy Consumption in the UK [15] .
The NCRM sub-city DEM modelling process is broken down into three separate stages: (1) per-dwelling SAP record augmentation; (2) model refinement and (3) per-dwelling energy calculation and aggregation. In this section, we describe these three steps. Figure 2 shows a schematic view of the methodology and modelling methods.
Per-dwelling SAP record augmentation
The per-dwelling SAP record augmentation process uses three imputation procedures to augment the NCRM spatially referenced per dwelling data with a complete set of values (i.e. 115 variables) needed for input into a full Standard Assessment Procedure (SAP). The SAP methodology was developed by the Building Research Establishment (BRE) and it is based on the BRE Domestic Energy Model (BRE-DEM), which provides the framework for calculating the energy consumption of UK dwellings. The per dwelling dataset is augmented by three sequential processes; 1) cross-scale normalisation of data sets; 2) spatial interpolation; 3) best matching algorithm.
Spatially-referenced per-dwelling integration
The spatially referenced per-dwelling dataset integrates a number of building information datasets and then augments these through a matching process with full SAP records from data collected as part of the English Housing Survey (EHS). A full SAP record is required as input to the BREDEM model.
The spatially referenced per dwelling dataset is built on Ordnance Survey building polygons from MasterMap TM . The building polygons are integrated with property information through shared unique identifiers in the attribute data. This data was then combined with other physical building data from three sources: social housing data; Cities Revealed housing data; and data derived from an earlier modelling project [16] . Building information was augmented with survey data collected through household surveys from Warmzone energy audits [17] . A full description of the input data and the processes used to combine them can be found in [18] .
The variables that have the greatest impact on energy consumptions are: age of property, wall construction, building form (terraced, detached etc.), dwelling size, heating fuel type and storey height [11] . In addition, through principal component and factor analysis of the data, four further important variables that affected energy consumption were identified. These included wall insulation, primary heating system, boiler type and tenure. From a possible 139,257 residential dwellings in Newcastle a high quality sample where all these variables were present of 60,977 dwellings was created.
Cross-scale normalisation and harmonization of samples
Matching two cross-scale datasets represents a significant statistical challenge. In this case the EHS survey and NCRM per dwelling dataset were derived from the same population namely residential buildings and were carried out at the same time period (2009) (2010) . In comparing the sample designs the relevant literature on the EHS was analysed [11] and a cluster analysis of the building archetypes was carried out on the NCRM dataset. The published literature on the EHS sampling and data aggregation [19, p.85] states that the full EHS household data set has a stratified random sample design and the dwelling or paired data set has been stratified according to archetypes [20] . A number of significant clusters were present in the NCRM data suggesting that like the EHS survey the high quality sample could be considered as a stratified random sample.
In this study, we utilised semantic and numerical output harmonization techniques to map NCRM data to EHS categories. Semantic output response harmonization procedures were applied to ensure that all the variables are named the same across both data sets (i.e. NCRM and EHS) and to consolidate NCRM variables into a single one when needed. Numerical procedures were applied to floor area values as they were defined differently in NCRM and EHS. NCRM uses a building footprint or Gross Floor Area (GFA) whereas EHS uses Gross Internal Area (GIA) or usable floor area of self-contained dwellings [21] . To take into account intra and interregional differences from EHS, cross-scale harmonization was prepared according to the procedure used by [22] .
Where Af is the 'national computed area' from EHS; Ai is the 'local computed area' from NCRM; mla is the mean GFA area based on residential density by type in a local authority and mna is the mean GIA area for each dwelling type by region and area type (as reported by the EHS surveyor).
Spatial interpolation algorithms
In order to achieve energy estimates from sub city aggregate areas it is important that each dwelling has an appropriate energy calculation. However, our high quality sample with all the relevant variables accounts for roughly 44% of the total residential stock. For those dwellings without a full record set, spatial interpolation techniques are used to estimate missing data from a nearby dwellings or dwellings.
The rationale behind spatial interpolation methods is that points close together in space are more likely to have similar values than points far apart [23] . A variety of spatial interpolation techniques were used to match dwellings: Nearest Neighbour (NN), Inverse Distance Weight (IDW), and Kriging. Each interpolation technique was selected to suit the urban density of the study area and was selected through a process of experimentation. NN was selected on the basis of a high residential density and sample penetration. IDW was selected on the basis of low residential density as observed values that were closer to the point of interest were more heavily weighted. Kriging was used to help to compensate for the effects of data clustering, assigning individual points within a cluster less weight than isolated data points i.e. treating clusters like single points for areas with a large number of multiple occupancy buildings such as student accommodation.
Best matching algorithm
NCRM requires an input record containing 115 variables based on a full SAP survey that is then used as input into a BREDEM energy model. Our best matching algorithm identifies candidate records in EHS that match the NCRM record of interest to create a full augmented record for each dwelling with all the 115 variables, including heating, lighting, appliances, and behavioural assumptions as per the identified EHS record. The ten energy variables defined earlier were separated into three ranked groups using principal component analysis and factor analysis. The three groups were:
• Group 1 (Physical properties 1) -floor area, dwelling type and number of floors
• Group 2 (Physical properties 2) -dwelling age, wall structure and wall insulation
• Group 3 (Heating systems and tenure) -main heating fuel, primary heating system, boiler group and tenure
The matching algorithm works by attempting to find a match of the group 1 variables. This is then further refined by matching with group 2 and subsequently As a result of the process, the algorithm will identify a single record within EHS (i.e. an exact match), more than one match; or zero matches. When the matching process yields more than one match, we utilise minimal Weighted Hamming Distance of dimension 10 to find the most appropriate EHS record. If the algorithm produces no matches, we treat the result as a singularity and it is dealt with as part of the model refinement process (see 2.2).
Model refinement
Given the huge variety in building stock in the city it is not surprising that the matching procedure failed to always match real properties with EHS data. In addition certain aspects of the modelling process cannot be automated in this way due to the nature of the property or special cases of the heating systems used. This section describes the key forms of empirical model refinement that were carried out on the data. In our results we report on their significance. Table 2 shows the number of adjustments made in each of our study areas.
Heating systems
DECC reports separately on Economy 7 heating (E7), a type of electrical storage heating system. We have treated E7 as a singularity as the location and spatial distribution of E7 dwellings in the city makes them susceptible to a lack of coverage by energy surveys such as Warmzone and this, in turn, has an impact on the spatial interpolation procedure. In Newcastle E7 properties are virtually all social housing properties and geographically clustered. For these areas we weighted tenure more strongly to better reflect the preponderance of E7 heating. Additionally, for some social housing we have manually allocated their main heating fuel and primary heating system e.g. for properties using group heating (i.e. a group of properties shared a boiler) and district heating (decentralised heating energy supply) using local knowledge.
Houses in multiple occupation
In our study areas (as is common in many urban areas) we have a significant number of houses in multiple occupation (HMO) using Newcastle City Council's planning web portal. That is, properties rented out by at least 3 people who are not from the one 'household', but share facilities like the bathroom and kitchen. For our calculations, we treat HMOs as one dwelling from an energy service perspective instead of several self-included dwellings. This is likely to improve our calculation as an HMO does not have a kitchen per dwelling but rather shared communal facilities which impacts on cooking energy demand. Likewise, in an HMO bathroom facilities are also shared and therefore this has an impact on hot water heating. In our opinion it is likely that shared bathrooms, WCs, washing and kitchens facilities will have impact on heating and electricity consumptions and hence these are treated as a single dwelling.
Building classification
A number of issues were noted with certain categories of building classification from the base dataset. We utilised the building classification attributes from previous work in Newcastle [16] to identify mixed residential and commercial properties and high rise buildings. For high rise buildings, the initial floor area is the building footprint but in reality for a block of flats there are number of flats per floor. An estimate for each dwelling within a high rise building was attained through multiplying the building footprint by the number of storeys and dividing the total by the number of dwellings within the building.
Boundary problem
Boundary issues are a known problem with many spatial interpolation processes that use defined geographies (i.e. Census boundaries) to limit the extent of the analysis [24] . To overcome this issue we extended the boundaries to include the neighbouring spatial unit until there were enough data points. However, in one case, the boundary was a river and interpolation on these properties was augmented by manual checking.
Energy calculation
Once the complete dwelling dataset had been aligned with the best fit SAP record from the EHS, the final stage of the process is creating an energy consumption estimate (ECE) for each individual dwelling. For each dwelling the energy calculation was carried out based on the BREDEM model to acquire estimates of gas and electricity consumption. The ECE was then added to the NCRM record allowing for ad-hoc energy aggregates across any spatial extent or other attribute. Here we aggregated using a bottom up model similar to [8] . Aggregate estimates of energy consumption were calculated by summing up individual energy values (i) for every dwelling (j) within the study reporting areas.
Validation and Analysis strategy
In order to validate and analyse our model estimates of domestic energy consumption at sub-city level we have used two approaches. The first approach uses spatial aggregates and the second uses property types. In both cases data was analysed in comparison with published DECC data on energy consumption.
Firstly, model outputs from NCRM aggregated to neighbourhood (LLSOA) and district (MLSOA) are compared with energy consumption figures for the same geographies from DECC. In total aggregates were calculated for 3 districts composed of 18 neighbourhoods. Economy 7 dwellings are reported separately as these are also treated separately in DECC's consumption aggregates. This process is relatively straightforward although not without its own uncertainties as discussed in section 5. The NEED dataset disaggregates gas heating consumption by three variables: dwelling type; dwelling age; and floor area and our model utilises 10 variables to produce disaggregated results. Thus, the only conclusion that can be drawn at an aggregate level is to determine whether our results are within the distribution provided by NEED. Our results tables (see section 4.2, 10, 12, and 14) show NEED mean and percentiles (i.e. first, second (Median) and third quartiles, and 5th, 10th, 90th and 95th percentiles) which are used to test whether they are equal to those obtained from our NCRM samples. A collection of 11 test samples were 
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devised to make inferences about our domestic stock in the selected study areas of which a representative 3 are reported in the results section. Because our NCRM high quality sample (i.e. without the interpolated properties see 2.1) is a stratified random sample, the strata should adequately represent the population at large [25] . In our case, as a general rule, we selected samples from those dwelling types with the highest frequency distribution of the overall population in each MLSOA. For Castle the representative subgroups are bungalows, semi-detached and detached houses; for South Heaton and Westgate mid-terraced and end-terraced (see tables 3 and 4). Furthermore, within the selected dwelling type the samples are those with the highest dwelling age frequency distribution (see table 3 ). In Castle detached houses and Westgate mid-terraced were split further to match NEED categories (see table  5 .Castle number 5 and 6. Westgate number 8 and 9).
Results
Our model provides estimations of electricity and gas consumption at sub-city level. In this section, we first report on spatial aggregates at district and neighbourhood scales: three selected districts and their associated neighbourhoods (18 in total) are compared to DECC data (all results have been rounded up or down to the nearest full percentage). Secondly, we report on dwelling type comparisons between our model estimates and NEED reported data. Our results perform consistently against both of the DECC data sets and appear to indicate that having reliable knowledge and data of the local stock and urban geography factors may benefit energy consumption estimations in a significant way.
District and Neighbourhood aggregates
Comparing the cluster-based and sub-city Domestic Energy Model aggregated estimations with DECC national statistics at district level (MLSOA) confirms the capability of our model in providing good energy consumption estimates. At district level, the NCRM cluster model estimation of combined gas and electricity consumptions for Castle, South Heaton and Westgate are respectively 5% lower, 3% higher and 27% higher than DECC statistics (see table 6 and figure 3) . The NCRM subcity DEM estimation of gas and electricity consumptions for Castle, South Heaton and Westgate are respectively 25% lower, 16% higher and 50% higher than DECC statistics (see table 7 and figure 4). One possible reason for the differences in the results of the two modelling strategies is how dwelling data is organised into meaningful structures in the cluster model, that is, how the taxonomies were developed in 14 and urban geography which we believe play an important part in determining energy consumption. Furthermore, we believe that the effect of local area characteristics on estimating dwelling energy consumption is amplified at higher spatial resolutions. Table 8 shows our NCRM cluster results at LLSOA. At neighbourhood level (i.e. a higher spatial resolution using census LLSOA geographies) when comparing the NCRM cluster model and sub-city DEM estimation with DECC national statistics the DEM model provides reasonable estimates but with greater divergence (see table 9 and figures 5, 6 and 7). Since our energy estimations are derived from a dataset which ultimately corresponds to individual houses with known locations, we believe that as spatial resolution is increased local building, socio-economic and physical characteristics of the urban area play a more important part in the estimation of dwelling energy consumption. For example, in the NCRM sub city DEM estimates for low density areas like Castle, the microclimate factors (such as wind and solar) could be important. This may mean that a low residential density , which are synonymous with more open space, require more energy to maintain the same temperature as higher density areas. Our local building data also shows that most of the Castle stock uses gas for space heating. The combination of these two factors, may in turn, explain the under-estimation of gas consumption in our results for Castle which are on average 26% lower than DECC statistics at district level (see table 7 and figure 4) with a range of -16% to -33 % at neighbourhood level (see table 9 and figure 6).
In South Heaton, the implications of compact densification in linear terraces using gas for space heating potentially highlights the importance of thermal zones in energy estimates. NCRM (due to the limitations of the CHM) ignores the heat 17 2009 flow though from one terrace to the adjacent terrace and this, in turn, could be the explanation for over-estimating energy gas consumption in South Heaton, a densely populated area with a high proportion of linear terraced properties. The NCRM sub-city DEM estimation of gas consumptions for South Heaton is on average 15% higher than DECC statistics at district level (see table 7 and figure 4 ) with a range of 8% to 32 % at neighbourhood level (see table 9 and figure 6 ). In a heterogeneous area like Westgate the energy consumption shows large variations. The total energy consumption at district level is over-estimated by 50% with an underestimation of electricity of 11 % and overestimation of gas of 85% (see table  9 and figures 6 and 5). At neighbourhood level there are large differences. In 8399 gas is overestimated by 187% and electricity by 120%. In 8394 gas is underestimated by 22% whereas in 8397 is overestimated by 39% (see table 9 and figure 6). These large disparities could be attributed to a very specific type of urban geography which does not fit well neither the English Housing Survey data nor the Cambridge Housing Model and that requires a large amount of model refinement (see table 2 ). The most important factors which contribute to refinement are related to a) building type, with the presence of large tower blocks; b) energy system configuration. A significant proportion of the dwellings in this area rely on communal heating systems (e.g 8397 and 8399 used group heating as reflected by the low number of gas meters in DECC's statistics [26] ) and there is a significant amount of E7 in 8397 and 8440. There are socio-demographic factors at play as there is a significant proportion of social housing across the district. In our sub city DEM, social-demographic factors are generally represented in a crude way due to model limitations (i.e. CHM is based on the BREDEM physical model). This means, for instance, that energy consumption estimations are based on standard occupancy rather than how an individual uses the property and appliance use can vary significantly between users. This can have an important effect on electricity consumption.
Gas consumption across dwelling types
Our results by dwelling type (see tables 10, 12, and 14) suggest that reported gas domestic consumption for UK North East properties [27] may underestimate gas heating consumption when compared to NCRM sub city DEM output as mean and median heating consumption are below NEED's values. Our NCRM sub city DEM heating gas estimates do not have the same skewed distribution that NEED data has, as shown in the columns -Mean and Median difference -giving a strong indication that the local area characteristics matter in micro-planning rather than regional averages. Tables 10, 12 , and 14 also show the one-sample Wilcoxon signed ranks, which are used to test whether the mean of the measurements (NCRM sample) are equal to the NEED mean. The Wilcoxon signed ranks illustrate different values under negative and positive rank columns meaning that the NCRM sample does not match the North-East England average composition which is a consequence again of local area characteristics. Because the NEED data has a skewed distribution, it is preferable to provide additionally to the mean and the median (i) two outer centiles, such as the 10th and 90th; (ii) the first and third quartiles (25th and 75th centiles) that define the interquartile range and; (iii) the range of the sample,the 5th centile and the 95th centile. This has been done for the all the samples and in this paper we provide three indicative examples (see figures 8 9 and 10) .
For Castle, table 10 shows that mean and median NCRM values are higher than those of NEED. We believe that local area characteristics play an important part in the sample's energy efficiency. In our Castle sample, bungalows are largely made up of local authority stock and are mostly uninsulated and use standard and combi boilers. The combination of all these elements probably explains the underestimation of gas consumption (see figure 8 and table 11 to compare NEED and NCRM annual gas consumption distributions). In South Heaton local area characteristics significantly shape domestic annual gas consumption. Table 12 shows that our model's mean and median are higher than NEED's. When we examine further our dataset by drilling down to individual properties, it shows that there are a high number of low efficiency dwellings. These dwellings have un-insulated solid wall (i.e the ratio of uninsulated to insulated solid wall properties in the complete city sample is 258/7,396 = 0.035, in South Heaton sample it is 12/998 = 0.012) and has a high proportion of HMOs as South Heaton is a student area in which houses and flats have been converted to cater for a growing demand. Figure 9 and table 13 provide an example of the mismatch between NCRM and NEED distribution. Finally, table 14 also shows how in Westgate the mean and median are higher than those in NEED. Similarly, when we examine local individual dwelling records, it appears that there is a large number of inefficient houses (i.e. no cavity insulation, electric heating supply) which are local authority owned. As before, we believe that the combination of these local area characteristics may explain the disparity between our model's and NEED distributions (see figure 10 and table 15 as a way of example). 
Discussion
Our work demonstrates that sub-city energy estimation with a convenience building sample is technically possible and, subsequently, we could make local energy planning recommendations such as area based or dwelling type targeted energy efficiency measures or renewable energy systems. For example, in South Heaton, in general, properties are dominated by un-insulated solid wall dwellings and are rented accommodation and therefore a possible energy efficiency measure would be to reduce the air tightness in HMO properties. Similarly, community renewable heating schemes at neighbourhood level in large portions of E7 and electric heating systems in South Heaton and Westgate with solar collection schemes in Castle could be seen as a possibility. However, there is a poor agreement between our results and current DECC data, particularly at LLSOA level. We believe that as spatial resolution is increased local building and urban socio-economic and physical characteristics play a more important part in the estimation of dwelling energy consumption. Thus, we would be concerned with the "uncertainty" surrounding those recommendations. Whilst there are ways of generating data, real progress in local energy modelling depends on greater data availability and more accurate energy modelling estimation. In practice this means that statistical data, spatial interpolation techniques and substantive energy model issues overlap making local energy estimations more uncertain as spatial resolution is increased. Whilst it is clear that there is a need for high quality socio-economic and physical dwelling data sets, this is only one aspect of an emerging complex picture surrounding local energy modelling. In this section we therefore discuss the uncertainty surrounding our sub-city energy estimations in a holistic manner to set the basis for future work in this area and present a conceptual taxonomy of our model's uncertainty.
Uncertainty: a conceptual taxonomy
Uncertainty when developing urban energy models is an important and pervasive aspect that it is attracting attention, given the growing need for evidence-based policy, shared decision making, and highly disaggregated modelling tools. Whilst a full uncertainty analysis of our model is outside the scope of this paper, it is important to address uncertainty to provide transparency when communicating our modelling framework and predictions to other local authorities or wider stakeholders (such as national policy-makers, data holders, and researchers) interested in replicating our work. The principal value of the taxonomy we propose and examine in this section is as a way of more precisely defining the phenomenon of uncertainty so that it can be better communicated, measured and analyzed. Our taxonomy follows [28] 's framework and conceptualises uncertainty as "a multi-dimensional phenomenon with theoretically distinct domains and constructs that are potentially measurable and related to different outcomes, mechanisms of action, and management strategies" [28, p.9] . This is a departure from past studies which have either ignored uncertainty or have narrowly focused on uncertainties pertaining to particular sources or issues such as those proposed in the Cambridge Housing Model [9] . Figure 11 proposes a three dimension integrative taxonomy of the uncertainty [28, p.7] (i) the location (source); (ii) the level (issues); and (iii) the nature (locus). Location (source) dimension of uncertainty relates to where the uncertainty manifests within the complex model; (ii) the level (issues) dimension of uncertainty relates to where the substantive issues of uncertainty manifests along the spectrum between deterministic knowledge and total ignorance; (iii) the nature (locus) dimension of uncertainty relates to whether the uncertainty is due to the imperfection of our knowledge (structural (epistemic) uncertainty) or is due to the inherent variability of the phenomena being described (parametric (aleatory) uncertainty) [29] . The model outcome uncertainty in figure  11 is the accumulated uncertainty caused by all of the locations (context, model, imputation, and calibration parameters) that are propagated through the model's issues and are reflected in the resulting estimates of annual energy consumption of interest.
Context
Context refers to the conditions and circumstances that underlie the choice of the boundaries of the system, and the framing of the concepts and terminology of the research question to be addressed within those boundaries. In our case, for instance, we have made a selection on the type of analysis (e.g. quantitative), the type of energy model (e.g. a bottom-up engineering model based on physical parameters: BREDEM/SAP.), and specific choices in variables boundaries such as daily standard occupancy (i.e. number of occupants are related to and standard daily heating regimes energy patterns -e.g. weekly 7am to 9am; 4pm and 9pm for living room areas as defined by BREDEM 12-).
Perhaps, more important when considering context in local energy modelling is understanding that our research questions are naturally driven by the spatial dimension of cities. Specifically, local authorities deliver their strategic planning, policies and implementation programmes using area-based approaches at three major scales: city-wide, district and neighbourhoods, and individual buildings. Given these options, local authorities are faced with the question: at what spatial scale should area-based energy strategies be planned, and are the proposed solutions consistent across scale? However answering this question introduces a well-known problem of geography: the modifiable areal unit problem. First identified by [30] , and discussed at length by [31] , the modifiable areal unit problem refers to the observation that spatially distributed data will yield different results depending on how it is aggregated. In essence, data sets are compiled for "non-modifiable" units or entities (e.g. households) whereas subsequent analysis is carried out using arbitrary and modifi-able areal units (e.g. districts, wards, local authorities) with no intrinsic geographical meaning. The question, as formulated by Openshaw, was: "does it matter? If you change the areal basis does it have any really significant effect on the results?" His study concluded that the underlying issues of aggregation and scale variability affected different forms of analysis (i.e. correlations or complex multivariate methods). As a result, "an ecological fallacy occurs when it is inferred that results based on aggregate zonal (or grouped) data can be applied to the individuals who form the zones or groups being studied". For instance, in our domain, a Lower Layer Super Output Area (LLSOA) contains a relatively small (minimum 400 households) and, in principle, homogenous group of households. Popular data sets in this field -such as HEED (i.e. energy efficiency measures installed in individual buildings) and DECC energy consumption statistics -have been compiled at LLSOA resolution. It is feasible to imagine that an LLSOA could be used and seen as the most spatially resolved areal unit of analysis for area-based energy strategy, analysis and delivery (e.g. a retrofit delivery initiative such as Warm-up North [32] ). However an LLSOA-based analysis could conclude that a particular area is fit for a building-centric energy retrofit strategy, disregarding any potential decentralised energy solutions which might be more suited for a cluster of individual buildings. Our interest is therefore to better understand how methodologies for spatial energy studies might be "explicitly based on and around the purposeful and deliberate engineering of zoning systems" [31, p.37] and see context as epistemic uncertainty, the uncertainty due to the imperfection of our knowledge, which may be reduced by more research and empirical efforts.
Model
In model, there are two major categories of uncertainty (i) model structure uncertainty, and (ii) model technical uncertainty. Model structure uncertainty arises from a lack of sufficient understanding of the formulation used to represent the system, implying that any one (of many model formulations) might be a plausible representation of the system. Model technical uncertainty is the uncertainty generated by software or hardware errors. In our case model structure uncertainty has been framed by the work of [9] on the Cambridge Housing Model and we see this as ontological uncertainty. [9, p.166 ] uncertainty analysis results suggest that any single estimate of sub-national energy use may be subject to considerable inaccuracy compared with actual use.
Our interpretation of the NCRM energy results suggests that a better understanding of local area characteristics is needed as to aid the performance of the model. These relate to:
• Building related data and thermal modelling
• Urban geographical modelling:
Building related data refers to the building geometry and building fabric along with its key heating systems. Urban socio-economic characteristics refers to households realistic characteristics: demographics, economic structure, state of social energy practices in the local area. Urban landscape characteristics refers to cohesive energy structures (HMO, district heating and group heating) and urban form (morphology) whereas micro-climate relates to all climatic related variables such as wind and solar. All these areas are interlinked.
Currently, NCRM should be seen as a building physic domestic energy model (DEM). DEMs have seen major methodological advances incorporating technological changes in building fabric components and heating supply systems, but far less on building thermal modelling (for local energy models, not just individual buildings and urban geographical issues such socio-economic characteristics, microclimates and building form). We believe that number of thermal zones have been simplified due to the BREDEM/SAP based nature of our model and could explain some of the overestimation of energy consumption in South Heaton which have a high number of liner terrace of converted flats. Similarly, if complexity in behaviour is not explicitly and coherently addressed in DEMs, this can lead to energy estimations that are based on incorrect individual (and aggregate) practices over a population or to ignore important specific practices by different population segments. We also believe that urban landscapes and outdoor climate conditions have a clear influence in energy consumption but the exact characterization of this link is difficult to model due to the extreme morphological heterogeneity at a fine granularity of the building and its proximate environment. For instance, our understanding of our case study areas suggests that the energy implication of compact densification (in South Heaton) is balanced between the benefits from reduced heat losses and the non-benefits from reduced solar and daylight availability. This is the opposite in Castle, a low density urban form, in which the microclimate effects may include (i) alteration of outdoor comfort conditions due to localized wind patterns, (ii) modification of the thermal balance of buildings, (iii) systematic recourse to artificial lighting inside these same buildings due to shading of neighbouring buildings. This creates a complex set of interactions between urban form, climate, buildings (fabric and heating supply systems) and urban activity and suggests a search for a new interdisciplinary analytical direction by introducing a hybrid framework to energy consumption. This hybrid approach would require a robust spatial home energy-use data and model.
In our view, the above examples illustrate that "the entities and relations of which propositions would have be composed are simply not known at the time the propositions would have to formulated" [33, p.10] . As a result, we classify uncertainties surrounding the underlying energy model structure as ontological [33] . For example, one possible approach to include social practice in NCRM data is by capturing some elements as life-cycle and dynamics between practices depending on the practice elements, the behaviour of different cohorts with respect to energy practices and the environments that encourage or discourage practices. Social practice theory, in contrast to physical models, encourages a household shifted self-understanding and it invites us to regard them as agents or carriers of routinised usage of things. The challenge for future NCRM research could be to find a unifying ontology and database to describe and store core common data objects.
Imputation
Imputation uncertainties are generated when converting data between different scales and geographies to fill in missing data in small geographical areas. In other words, the uncertainties were generated when multiple imputations from national data sets (e.g. EHS) were used to complete full SAP records.
All imputation processes have been explained in detail previously (see section 2) and rely on integrating different sources. For the purpose of the discussion, we will analyse one in more detail. Harmonization is a key process to merge different datasets and it is being made particularly difficult by the lack of acknowledged standard approaches to, for instance, deal with a critical variable such as building classification. In our case, Cities Revealed age definitions do not align with the EHS age bands. The NCRM building type statistics shows semi-detached properties (43%), midterraced (32.2%), end-terraced (13.2%), detached (6.5%) enclosed (4.2%) whereas EHS dwelling type shows end-terrace (11.4%), mid-terrace (20%), semi-detached (28%), detached (18.9%), purpose built flat (18.2%), converted to flat (3.4%). First thing to notice is that the local and national profiles are quite different. Secondly, there is a building type categories mismatch in both datasets. On the one hand, in NCRM there is no indication of "purpose built flat" or "converted to flat" whereas that in EHS there is not a category for enclosed flats. Part of the harmonisation process was to create a "purpose built flat" and "house converted to flats" type in NCRM as part of the mid-terraced count and assume enclosed flats were part of the EHS mid-terraced count. This way both datasets could be integrated and harmonised. This is particularly important in our case study areas as the most common purpose built flat are the 'Tyneside flats' which was, in turn, , difficult to match with an EHS record. Tyneside flats are terraced buildings comprising pairs of self-contained flats and are below the national average in terms of space per dwelling, have different wall types (the main fabric is solid but the extensions are cavity)and are in districts within easy access to Newcastle and Northumbria Universities which means the original nineteenth century pattern of renting most Tyneside Flats still continues. Furthermore, in recent years this has led to the conversion of many lofts in upper Tyneside Flats to provide extra student bedrooms. In this case care has to be taken to update the storey height which should be an average based on the volume of the space and the internal floor area (plus the thickness of the floor if it is the upper storey of a house). Secondary information such as HMO planning permission has to be utilised to account for these changes in dwelling structure. These specific characteristics of a Tyneside flat have implications in terms of estimating its energy consumption and were reflected in each individual Tyneside flat record. Moreover, Cities Revealed individual building type and previous classification work [16] had to be used complementarily as to infer the age field and the most probable number of residential dwellings. Some building type classes are distinctive, such as the difference between detached and semi-detached but other classes are more subjective, such as the difference between small, large and very large detached houses.
In our view, imputation uncertainties could be categorised as small area estimation uncertainties [34] . Small area estimation "tackles the important statistical problem of providing reliable estimates of a target variable in a set of small geographical areas". The main obstacle is that it is extremely difficult to "measure the target variable of all the individuals in the areas of interest and,hence, a survey is conducted to obtain a representative sample" [35, p.1].
Validation
Our model's estimation have been validated against DECC's sub-national energy consumption statistics (MLSOAs and LLSOAs) at different "statistical" geographies [2] and the DECC's national energy efficiency data framework (NEED) [36] .
The recent booklet published by DECC [2] on the methodology used to provide MLSOA and LLSOA domestic electricity and gas estimates is transparent with the regard to the caveats surrounding the released data. For instance, the sum of meter points of domestic energy consumption at MLSOA and LLSOA level does not always equal the sum of meter points of domestic energy consumption at the associated LA level. This type of caveat might not critically affect the outcomes of our model. Others, however, require closer inspection. Firstly, DECC regards LLSOA data as experimental [2, p.39] . DECC does not provide much information on the meaning of experimental but it warns that "year -on-year analysis should be done with caution" [2, p.11] . Our experience suggests that areas such as number of meters, non-metered fuels, arbitrary gas consumption levels being regarded as domestic and E7 penetration need improvement. Secondly, DECC gas sub-national consumption figures have been weather corrected, whereas electricity consumption figures are estimates of actual consumption [2, p.10] . The DECC annualised and weather corrected Meter Point Reference Numbers (MPRN-level) gas consumption data are obtained from XoServe. The National Grid, however, apply a weather correction to the data prior to it being supplied to XoServe and DECC. Although a certain amount of information relating to the DECC process of annualisation and weather correction is available [37, p.28 ] the effect that this process has on modifying the gas values, and therefore the impact that the factoring has on the final results of analysis, is not fully known. We agree with [38] and believe that process of weather correction is impossible to reverse based on information currently in the public domain and introduces unknown effects into the available annualised records for each individual house that cannot be interrogated. In our case, we have only applied a weather correction factor to account for the correct year. When we carried out the analysis, NEED reference data was only available for the year 2010 whereas our NCRM model energy baseline estimates refer to 2009. To account for this, we multiply NEED's values by the appropriate weather correction factor (i.e. as outlined by [39] ) so that the NCRM and NEED heating gas consumption samples can be compared. This resulted in a weather correction factor of 0.8261 to be applied to NEED data.
In this paper, we propose that calibration is seen as parametric aleatoric uncertainty. The government data framework matches gas and electricity consumption data, collected for DECC sub-national energy consumption statistics, with information on energy efficiency measures installed in buildings, from the Homes Energy Efficiency Database (HEED). We think NCRM challenges this standard procedure by underpinning the argument for more complete and better data as the paucity of survey data and the mixed energy and building portfolio means that the model does not have enough data granularity to perform adequately. i.e. if the same measure is applied to the same property type, the energy consumption response might be different depending of the energy profile of the building.
Conclusion
We have presented a modelling framework for estimating domestic energy end-use demand baseline in sub-city areas and we believe that it could be replicated by other LAs and could be used to make local energy planning recommendations. However, our validation results show a poor alignment with existing observed data as published by DECC. Our analysis seems to suggest that local area characteristics are important when systematically establishing energy baseline consumption for specific sub-city geographical areas. Subsequently, we believe that current UK Government regional and sub-city methods and data for domestic properties in its current most disaggregated form may not accurately represent energy consumption of geographically specific and homogenous urban areas in the UK and therefore be insufficient for providing evidence for meeting future challenges in planning local energy services and infrastructure. Our analysis also shows that there is a significant number of uncertainties which are not usually communicated and understood by LAs, policy development of national datasets, and other stakeholders such as planners, architects and engineers. To better understand, communicate and describe uncertainties, it is necessary to obtain a detailed local knowledge of the stock and non-filtered building or post code level consumption data. Further model validation to ascertain uncertainties in the CHM model, imputation algorithms, and DECC data is certainly needed. In our paper, we go even further to suggest that a re-think of underlying energy models to enable the integration of building and urban modelling challenges is necessary.
